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ABSTRACT

The gender wage gap in the United States is a well-known phenomenon and researchers across many disciplines
have tried to pinpoint its cause. One popular explanation is the gender gap in college major choice; however, it
is still unknown why women tend to major in so-called soft sciences and men in hard sciences. This paper builds
upon Speer (2017)’s work studying the gender gap in major choice as explained by test scores. Rather than utilizing OLS regressions, I employ a Kitagawa-Oaxaca-Blinder decomposition method, which also shows how
unspecified discrimination works for or against women (or men) in how much their test scores contribute to their
major choice. Utilizing the ASVAB pre-college test scores, I find that there is an overall larger unexplained gap
when using the male counterfactual in the Kitagawa-Oaxaca-Blinder decomposition versus the female counterfactual regarding the explanatory power of test scores for various majors. This suggests the unexplained
difference in how test scores predict college major stems from unspecified discrimination in favor of men.

INTRODUCTION
Economists, sociologists, psychologists and researchers across
many other disciplines have studied the gender gap in college major. While women more commonly study education, humanities,
and certain social sciences, men tend towards engineering, science,
and business. This is a significant trend considering major choice
correlates with career paths varying in lucrativeness which contributes to the gender wage gap (Charles and Corcoran, 1997; Arcidiacono, 2004).
In this paper, I build upon Speer’s (2017) work which looks at
“pre-college factors” or test scores as determinants of college major content (69). While Speer uses ordinary least squares (and occasionally probit) regressions alongside unexplained coefficients to
convey how test scores explain the gender gap in major content, I
use the Kitagawa-Oaxaca-Blinder method of decomposition to do
the same. Using this method, I will also look further into the unexplained gap in major content, or, in other words, how unspecified
discrimination works for or against women or men in how much
their pre- college test performance contributes to their major content in college (Hlavac, 2018).

I push Speer (2017)’s analysis further by also analyzing the unexplained portions of the gender gap in college major. By unexplained
gap, I refer to the portions of the gap which comes from unexplained
factors including discrimination in favor of men or against women.
I find that when analyzing the explanatory power of ASVAB scores
on the gender gap in Engineering and STEM major content, there
is an overall larger unexplained gap when using the male counterfactual in the Kitagawa-Oaxaca-Blinder decomposition versus
the female counterfactual (94% versus 97% respective unexplained
gaps and 37% versus 44% respective unexplained gaps).
The rest of this paper will be structured as follows: section 2 discusses summary data on the gender gap in college major as well
existing literature on plausible explanations for this gap; section 3
presents the data used in the analysis; section 4 presents the empirical strategy used in the analysis; section 5 reports the results and
presents robustness checks; and section 6 discusses the results and
concludes with potential next steps as well as policy implications
of this research.

PREVIOUS LITERATURE

As does Speer, I utilize the ASVAB test which evaluates a wide
array of skill sets explaining far more of the gender gap in major
content than does the SAT. Using the Kitagawa-Oaxaca-Blinder
method, I find that ASVAB test scores account for 54%, 66%, and
35% in of the gender gap in science content, humanities content,
and the probability of majoring in engineering, respectively- all
consistent with Speer (2017)’s results. I also find that the ASVAB
test scores have little explanatory power for the gender gap in business major content, but unlike Speer, I find significant explanatory
power (17%) for the gender gap in education major content.

Researchers have settled on varying explanations for the gender
gap in major choice all while the gap remains persistent. The National Science Foundation’s report Women, Minorities, and Persons
with Disabilities in Science and Engineering discusses that women
have, over time, earned a larger share of bachelor’s degrees overall
than have men. However, women have consistently earned a lower
level and share of degrees in STEM fields-especially in engineering
and computer science- and these shares decreased from 2006 to
2016 (NCSES, 2019). Controlling for work and demographic variables, Brown and Corcoran (1997), furthermore, find that college
majors account for up to 0.09% of the 0.18% to 0.20% remaining
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unexplained wage gap. Thus, as previously mentioned, studying DATA
gender gaps in major choice has important implications for earnings gaps between working men and women.
In order to directly build upon Speer’s (2017) findings, I work with
his NLSY79 and NLSY97 analysis files which he has generousExisting literature centers around two main loci for explaining the ly provided to me. The NLSY79, which surveyed 14 to 22-yeargender gap in major choice: one points to skill differences between old respondents in 1979 and the NLSY97 which surveyed 12 to
men and women and the other points to preferences, personality, 16-year-old respondents in 1997 are two national panel surveys folor other noncognitive differences. A large consensus in the litera- lowing the respondents to the present day. All NLSY survey particture contends that skill differences have little explanatory power. ipants took the Armed Services Vocational Aptitude Battery (ASVFor example, Arcidiacono (2004) finds that, when it comes to the AB) tests in 1981 at age 16 to 24 and in 1999 at age 14 to 18 for
variation in SAT math and verbal scores across gender, these skill the ‘79 and ‘97 surveys respectively (Speer, 2017). While the math
differences have little explanatory power and suggests that pref- and verbal sections in the SAT do not touch upon the subject matter
erences (for monetary returns, workplace environment, and field taught within many majors, the ASVAB test, as Speer (2017) puts
of study) could provide alternate explanations. Turner and Bowen it, measures ten subjects: “general science, arithmetic reasoning,
(1999) also find that SAT scores explain only a small part of the word knowledge, paragraph comprehension, numerical operations,
gap for a few majors and conclude that residual factors such as dis- coding speed, auto and shop information, mathematics knowledge,
crimination hold more weight. Thus, a general lack of explanatory mechanical comprehension, and electronics information,” (72).
power for pre-college skills (as typically measured by the SAT) has
led researchers to point to noncognitive factors as more compelling Also, like Speer (2017), I restrict my data to survey respondents
explanations for the gender gap in major choice.
who took the ASVAB before age 19 to mitigate the impact of reverse causality. Test taken after age 18 may be influenced by the
This latter focus within the literature has gained a lot more traction. effect of courses taken in college.
Zafar (2013), for instance, utilizes a survey of 161 Northwestern
University sophomores and finds that preference (for workplace
environment) explains the gender gap in major choice. Preference,
however, has many underlying factors. One popular theory looks
at the impact of gender differences in professorship (especially in
STEM majors) as explanations for the gender gap in major choice
(Carrell et al., 2010; Speer, 2017). Other theories point to institutional discrimination and disparate rewards for females in certain
careers (Moss-Racusin et al., 2012; Speer, 2017). There is also a
healthy amount of literature founded upon the theoretical claim that
personality traits (in the psychological sense of the term) have explanatory power in determining major choice (Sawsen et al. 2012).
Speer (2017), however, refocuses the dialogue towards pre-college
skill differences as determinants of major choice. He finds significantly more explanatory power by utilizing the Armed Services
Vocational Aptitude Battery (ASVAB) test scores collected by the
National Longitudinal Survey of Youth (NLSY), which captures
a wider array of skill sets not measured by the SAT. Furthermore,
Speer asserts that the gender gap in major choice as explained by
pre-college skills does not have to conflict with noncognitive explanations: in fact, skill differences, “could be produced by many
factors, including preferences, prior academic choices, parental investments, societal expectations, and discrimination,” (71). Thus,
Speer’s findings serve as compelling evidence for explaining the
gender gap in major.
My paper contributes to existing dialogue by, first, affirming Speer’s
findings on the explanatory power of ASVAB test scores for the gender gap in major choice by utilizing the Kitagawa-Oaxaca-Blinder decomposition method. I, secondly, utilize the Kitagawa-Oaxaca-Blinder decomposition method to evaluate the unexplained
portions of the gender gap in major choice which addresses how
noncognitive factors may influence the gender gap in major choice;
in other words, I look at how males and females are rewarded differently (in terms of which college majors they choose) for possessing the same skills as measured by the ASVAB test.
https://elischolar.library.yale.edu/yurj/vol2/iss1/10
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Figure 1. AFQT Score Distributions by Gender

For the sake of consistency, I also evaluate the explanatory power of the Armed Forces Qualifying Test (AFQT) scores as does
Speer (2017). The AFQT looks at four ASVAB components that
evaluate math and verbal skills, similarly to the SAT. The NLSY
also includes data on SAT and ACT scores (Speer, 2017; NLSY97,
2019). Because I build my analysis from Speer’s coding program,
my program also converts ACT scores to SAT values. Later in this
paper, four sets of test scores are comparatively evaluated in their
explanatory power for the gender gap in major content: the AFQT,
the individual components of the AFQT, the SAT and the ASVAB.
I have replicated Speer (2017)’s summary plots on the distribution
of AFQT and ASVAB test scores between males and females which
convey how much more variation exists across gender for the ASVAB test scores versus the AFQT test score. Figure 1 presents the
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Figure 2a. ASVAB Score Distributions by Gender

distribution in AFQT scores for males and females which shows
very little difference in performance between men and women.
Figures 2a and 2b report the variation in each component of the
ASVAB test for males and females. As Figure 2a shows, when it
comes to math and verbal tests, men and women perform similarly besides a slightly higher level of performance among women
for the numerical and paragraph components of the ASVAB test.
On the other hand, Figure 2b conveys that for the science, auto,
electronics, and mechanical components of the ASVAB test, men
perform better than do women, especially at the upper end of the
distribution. As Speer (2017) shows, and as I will later show in this
paper, these additional components of the ASVAB test, will greatly
increase the explanatory power of pre-college skills for the gender
difference in college major.

simplicity of running regressions for a smaller set of major categories versus running regressions for 51 majors. As Speer (2017)
mentions, some “other” credits (such credits earned through internships) may be closely related to other categories but are not included in the analysis; for example, a nursing internship that earns
credit. This analysis, for this reason, focuses on the gender gap in
math, humanities, science, education, business, social science, and
engineering majors.

Lastly, in addition to restricting the analysis to NLSY respondents
aged 19 or younger, I, like Speer (2017), look at respondents who
completed college. In Table 2, I’ve replicated Speer’s summary statistics of the non-missing observations of the restricted NLSY data
and find consistent results: there are 2,406 students in my sample
of which about 20% are STEM majors and less than 10% are engiAs for categorizing college major, I, like Speer (2017), utilize sur- neering majors.
vey respondents’ last reported major in my analysis. Because the
NLSY79 and NLYS97 have two different methods for categorizing
majors, Speer (2017) devised a method to synthesize them. First, he EMPIRICAL STRATEGY
devises a set of major categories (social sciences, humanities, sciences, education, etc.). He then distributes a new set of 51 majors I first replicate Speer (2017)’s main results which regress major
as defined by the Department of Education into 6 major categories characteristics on race, gender, and test scores (either the SAT,
used in both NLSY surveys. Table 1 communicates my replication AFQT, all the AFQT components, or all the ASVAB components).
of Speer (2017)’s method and displays how many credit hours (120 Speer utilizes the following basic regression for student i:
maximum), on average, a student usually completes within each of
the broader major categories for each of 51 majors. For instance,
a large number of credits completed within the science/engineering category is a good indicator for an engineering major based The survey dummy distinguishes between NLSY79 and NLSY97
on its course content. An advantage of using credits completed respondents. He looks at how β1, or, essentially, the unexplained
within broader major categories as proxies for college major is the gender gap in major changes by including different sets of test
Published by EliScholar – A Digital Platform for Scholarly Publishing at Yale, 2021
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Figure 2b. ASVAB Score Distributions by Gender (cont.)

Table 1. Characteristics of College Majors (in credit hours). Note: This table also reports the SAT math score
for each major category. Those cells that report “NA” occur where sample sizes are too small.

https://elischolar.library.yale.edu/yurj/vol2/iss1/10
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scores. For the ordinary least squares regression, the dependent
variable(s), mi, reports the course content of student i’s major as
measured by the number of credits he/she earned in a particular
major category. A probit regression model is utilized to measure
how the independent variables increase the probability of student
i majoring in a STEM or engineering major as proxied by credit
distribution. In this case, mi is either 0 or 1 (not a STEM/engineering major or a STEM/engineering major) and the coefficients on
the independent variables measure how each variable affects the
probability that mi equals 1.
I depart from Speer (2017) by using the Kitagawa-Oaxaca-Blinder two-fold decomposition method to further study the explained
and unexplained portions of the gender gap in major content. The
Kitagawa-Oaxaca-Blinder two-fold decomposition method traditionally splits a baseline regression into an equation for males
and an equation for females by sub-setting the evaluated sample by
gender. For example, the equation for males in this case is:

Beauchamps | Gender Economics

Equation 3.

Unexplained gap A measures the portion of the unexplained gap
as caused by unspecified factors (i.e., discrimination) in favor of
males whereas unexplained gap B measures the portion of the unexplained gap as caused by unspecified discrimination against females in terms of how their choice in major responds to their test
scores (Hlavac, 2018). Weighting the average coefficient βave at 1
for males and 0 for females will respectively result in alternatives
of equation 1 and equation 2 (Hlavac, 2018).

RESULTS

I first replicate Speer (2017)’s main findings and find consistent
results. The results for the regressions on math major content are
reported in the appendix in Tables A1 through A5. When regressing major content on gender and test score, the ASVAB has the
most explanatory power compared to no test scores, SAT scores the
AFQT test scores, and all the AFQT components. As does Speer
and the equation for females is:
(2017), I find that the ASVAB explains 22% of the gap in math major content, 66% of the gap in humanities majors, 62% of the gap
in science/engineering courses, 81% of the gap in social science
major content, 47% of the gap in engineering majors, and 36% of
The counterfactual major content for females is essentially the ex- the gap in STEM majors. Similarly, I also find that the ASVAB has
pected major content of a female if she had the same equation as a little significant explanatory power for the gender gap in business
male. This is:
and education major content, suggesting that the ASVAB is not
strongly related to these fields.
The preliminary question of this paper asks whether performing a
Thus, the gender gap in the outcome variable, Δm, can be repre- Kitagawa-Oaxaca-Blinder two-fold decomposition would produce
consistent results. As previously mentioned, the benefit of using
sented as:
the Kitagawa-Oaxaca-Blinder decomposition method is that it provides information on both the explained portion of the gender gap
in major content (as explained by gender differences in test scores)
and the unexplained portion of the gender gap in major content.
Table 3 reports the gender gap in major content, the percentage of
the gender gap in major content explained by the gender gap in test
This can be simplified to:
score, and the unexplained percentage of the gender gap in major
content. The results in this table are derived using equation 3 in the
Kitagawa-Oaxaca-Blinder two-fold decomposition. The table consists of four panels which report the results for the four sets of tests
Equation 1.
scores: the SAT scores, the AFQT scores, the AFQT component
In this equation, the explained portion of the gender gap in major scores, and the ASVAB scores. Panel D reports the most relevant
content- as explained by gender differences in average test perfor- findings, particularly the percentage of the gender gap explained by
mance- is measured by what is to the left of the first plus sign. The this set of test scores. I find that the ASVAB explains 19% of the
unexplained portion- unexplained due to the difference in test score gap in math major content, 66% of the gap in humanities majors,
coefficients between males and females- is measured by what is to 54% of the gap in science/engineering courses, 87% of the gap in
the right of the first plus sign. The same equation can be created social science major content, 35% of the gap in engineering majors,
and 29% of the gap in STEM majors. This is very consistent with
using a male counterfactual:
Speer’s (2017) main findings. One point of departure is that I, additionally, find a significant 17% of explanatory power of the ASVAB
test scores for the gender gap in education major content. As for
Equation 2.
the other test scores, I continue to find results consistent with Speer
Hlavac (2018) also describes how a two-fold decomposition can (2017)’s. The AFQT and AFQT component scores both explain
decompose the gender gap using a reference coefficient, βave, negligible percentages of the gender gap in major contents, while
which represents the average male and female coefficient for test the SAT scores perform slightly better but do not compare to the
score (3). This gives us:
ASVAB scores. I also perform individual decompositions for ASVPublished by EliScholar – A Digital Platform for Scholarly Publishing at Yale, 2021
5

Spring 2021

YURJ | Vol 2.1

5

The Yale Undergraduate Research Journal, Vol. 2 [2021], Iss. 1, Art. 10
Beauchamps | Gender Economics

Table 2. Summary Statistics: Main Sample (At Least 16 Years of Education). Note: Data are from the NLSY79 and NLSY97 combined
sample of respondents who have at least 16 years of education, who took the ASVAB before age 19, and who have valid ASVAB scores.
The AFQT and ASVAB scores are reported in standard deviations (standardization done on entire NLSY samples including non- restricted observations). The sample size is 2406.

Table 3. Decomposition of Gender Major Gap

AB component scores (not shown) which show that the explanatory
power of the ASVAB comes from the components not included in
the AFQT. For instance, the mechanical test alone explains 42% of
the gender gap in science/engineering courses. Thus, the ASVAB
test, in evaluating many skills more relevant to major choice as
compared to the SAT and AFQT, stands to be a strong proxy for
https://elischolar.library.yale.edu/yurj/vol2/iss1/10
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pre-college skills for explaining the gender gap in major content.
The secondary question of this paper asks how unexplained portions of the gender gap in major content compare with the explained
portions of the gap as determined by test scores. Table 4 reports the
same results as Table 3 but focuses on the explanatory power of the
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full set of ASVAB scores for engineering majors and stem majors.
Table 4 also includes two panels which reports the explained gaps,
the unexplained gaps, as well as the gender gap in major content
using equation 2 and equation 1 in the Kitagawa-Oaxaca-Blinder two- fold decomposition, respectively. Table 3, by comparison,
only reports results using equation 3.
Table 4 shows that the explained and unexplained gap in major
content varies greatly across decompositions using the equation 2
versus equation 1. Panel A shows that using the equation 2 leaves
very little explanatory power for the ASVAB: the explained gap
in engineering and STEM majors are 7% and 2% respectively,
whereas the unexplained gaps are 92% and 98%. Panel B conveys how much more explanatory power the ASVAB scores have
when using the equation 1: the explained gap in engineering and
STEM majors are 64% and 57% respectively, whereas the unexplained gaps are 36% and 43%. As mentioned, using the male
counterfactual in equation 2 conveys the effect of unexplained gap
A, while using the equation 1 conveys the effect of unexplained
gap B. Thus, the substantially large unexplained gap component
of the decomposition using equation 2 suggests that men would
likely choose different college majors if it weren’t for some form
of unspecified discrimination in favor of their majoring in engineering and STEM majors. On the other hand, the substantially
smaller unexplained gap of the decomposition using equation 1
suggests that women are more sensitive to their test score results
then are men. These results show the compelling benefit of the
Kitagawa-Oaxaca-Blinder decomposition method. Regressions
can show the superior explanatory power of the full set of ASVAB
test scores; however, the Kitagawa-Oaxaca- Blinder decomposition method shows how this explanatory power waxes or wanes
between male and female counterfactual results. In other words,
unexplained discrimination changes the explanatory power of the
ASVAB test scores by working in two directions, the stronger direction being unexplained discrimination in favor of men.

Beauchamps | Gender Economics

Lastly, in the appendix I’ve included Table A6, which reports separate coefficients for men and women for regressing science/engineering major content and business major content on the full set of
ASVAB test scores. I’ve chosen the science/engineering and business major categories, because they have the largest gender gaps
in credits. The benefit of looking separately at male and female
coefficients is that it can clarify which particular ASVAB tests score
coefficients are explained and which are unexplained. For instance,
if the word test score has a negative impact on females earning
science/engineering credits (a negative coefficient for females)
but a positive impact on males earning science/engineering credits
(a positive coefficient for males), this is likely due to some unexplained discrimination in favor of males.

I. Robustness Check
One potential concern of my analysis is that differences in courses
taken through formal schooling could impact major choice. This
could potentially diminish the explanatory power of test score results for the gender gap in major choice. Speer (2017) identifies
shop courses, physics courses, and chemistry courses taken from
7th to 12th grade has having the strongest causal effect on test score
performance. While his concern is to identify whether high school
courses have an underlying impact on test performance, my concern is whether high school courses impact test score performance
through a channel outside of pre-college skillset as proxied by test
score. To address this, I included a set of high school courses taken
by the respondents into the Kitagawa-Oaxaca-Blinder decomposition and analyze whether their inclusion increases or decreases the
explanatory power of the regression. Based on Speer (2017)’s findings and the data on high school courses included in the NLSY97, I
pulled out information on courses taken by respondents in algebra,
biology and physics as measured by credits (Bureau of Labor Statistics).

Table 4. Decomposition of ASVAB scores for Engineering and STEM Major Probability Gap. Note: Data are from the NLSY79 and
NLSY97 combined sample of respondents who have at least 16 years of education, who took the ASVAB before age 19, and who have
valid ASVAB scores. The cells report the percent of the gender gap in major credits that the gender gap in test score explains as reported by the Kitagawa-Oaxaca-Blinder decomposition. The decomposition regresses test score results on race, gender, and all ASVAB
scores. The two panels are divided by the two Kitagawa-Oaxaca-Blinder counterfactual equations: (respectively) the male equation
and the female equation. The two main columns are the dependent variables (major categories) as measured by probability of a student
majoring in said category. The sample size for most regressions is 2406.
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Table 5. High School Courses Taken by Gender. Note: Data are from the NLSY97 sample of respondents alone who have at least 16
years of education, who took the ASVAB before age 19, and who have valid ASVAB scores. The cells report the number of courses
taken. The columns report these credits for males, females, and the difference in credits between the two. The sample size is 8984.

Table 6. Comparing Impact of Courses Taken in Decomposition for STEM and Engineering Majors. Note: Data are from the NLSY97
sample of respondents who have at least 16 years of education, who took the ASVAB before age 19, and who have valid ASVAB scores.
The cells report the gender gap in test score next percent of the gender gap in major credits that the gender gap in test score explains
as reported by the Kitagawa-Oaxaca-Blinder decomposition. The decomposition regresses test score results on race, gender, survey, all
ASVAB test scores, and (sometimes) Algebra, Biology, and Physics course variables. The two panels are divided two Kitagawa-Oaxaca-Blinder equations: (respectively) the male equation and the female equation. The sub panels are divided by two specifications:
(respectively) excluding course variables in the regressions and including course variables in the regression. The two main columns are
the dependent variables (major categories) as measured by probability of a student majoring in said category. The sample size is 8984.

Table 5 reports the average credits taken by males and females as
well as the difference in mean credits between genders for each of
the evaluated courses. Males surpass females in credits taken in
all the listed courses. Table 6 recreates the results studied in Table
4 but only includes NLSY97 respondents. Moreover, each panel
divides results for excluding the variables on high school courses
taken by respondents and results for including such variables. For
both main panels (using equation 2 and equation 1, respectively),
the inclusion of variables on high school courses in the baseline
regression negligibly increases the explanatory power of the regression. Therefore, while courses taken in high school may impact
test score performance, they do not likely impact the gender gap in
major choice through a channel beyond that.

test scores on the gender gap in college major. There is still debate
over whether pre-college skills or some other noncognitive factors
work cause this gap. My analysis may contribute useful evidence
towards the contending theories.
I imitate Speer (2017)’s approach using the ASVAB test scores
from the NLSY datasets and find that these scores explain 22% of
the gap in math major content, 66% of the gap in humanities majors, 62% of the gap in science/engineering courses, 81% of the gap
in social science major content, 17% of the gap in education major
content, 47% of the gap in engineering majors, and 36% of the gap
in STEM majors. The ASVAB test has far more explanatory power
than the SAT test studied in other papers on the same topic.

The Kitagawa-Oaxaca-Blinder method of decomposition also
shows that using a male counterfactual for decomposing the gender
gap in engineering and STEM majors substantially increases the
This paper analyzed the effect of pre-college skills as measured by unexplained portion of the gender gap in major content, while ushttps://elischolar.library.yale.edu/yurj/vol2/iss1/10
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ing a female counterfactual significantly decreases the unexplained APPENDIX
portion of the gender gap in major content. This suggests that men
would have far different major decisions if it weren’t for some form Replications of Speer’s (2017) Table 5:
of unspecified discrimination in favor of their majoring in engineering and STEM majors and that women are more sensitive to the
explained impact of their test score results.
Thus, this research provides support for pursuing policy interventions that both target the cognitive skill differential between boys
and girls as well as noncognitive or social factors that otherwise
impact the gender gap in major choice (the explained gap and unexplained gap, respectively). It is important to reassert, however, that
even the cognitive skill differential between boys and girls could be
the product of noncognitive factors. As for closing the skill differ- Table A1. Regressing on Math Major Content (no test score specification)
ential, Heckman (2000) reports the evidence supporting the success
of early childhood and adolescent intervention programs closing
the skills gap between disadvantaged and advantaged children. Although these programs have only a short term or low impact on participants’ IQ, they had lasting impact on participants’ motivation,
social skills, and success in school. Motivation and social skills
may conceivably have a large impact on boys’ ability to perform
better in the “hard” sciences. Policies which may address this skills
differential could focus on childhood or adolescent programs aiming to increase motivation among girls for pursuing and increasing
their performance the hard sciences. For instance, Girls Who Code
is a program working towards close the gender gap in computer Table A2. Regressing on Math Major Content (SAT score specification)
science by providing after-school clubs, summer programs, mentorship opportunities for non-male students (“We’re Building the
World’s Largest Pipeline,” n.d.). Allocating government funds towards after school programs or summer programs for this purpose
could go a long way.
The unexplained gap, on the other hand, is comprised of any number of noncognitive factors, that may include intentional discrimination. Although this research does not delineate the noncognitive
factors that definitively impact major choice, policies targeting discrimination could be highly impactful. One example of this sort
of policy is teacher training programs in primary and secondary Table A3. Regressing on Math Major Content (AFQT score specification)
schools for managing gender biases in the classroom.
Finally, my findings certainly do not delineate all the cognitive and
noncognitive factors that influence the gender gap in major content, nor the channels through which they function. My results also
do not address any factors which occur between respondents graduating high school and the time of their last major choice report
to the NLSY. Therefore, my findings should be considered strictly
through the lens of analyzing the effect of differing skillsets between genders before respondents enroll in college. My results do,
however, examine the relationship between the explanatory power
of pre- college skills (cognitive factors) as measured by test scores
and the unexplained factors working both in favor of men and
against women in their likelihood of studying a major. The striking Table A4. Regressing on Math Major Content (AFQT Component scores
impact of decomposing the gender gap in major content using vary- specification)
ing counterfactuals and showing the relationship between cognitive
and noncognitive factors is certainly worth looking further into.
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fects on Self-efficacy and Outcome Expectations or High
School Major Choice. International Journal for Educational
and Vocational Guidance 16, 343-61. link.springer.com/article/10.1007%2Fs10775-015-9316-4
(2019, December 14). NLSY97 (National Longitudinal Survey of
Youth 1997). NLS Investigator, U.S. www.nlsinfo.org/investigator/
pages/search.jsp
Carrell, S. E., & al, E. (2010). Sex and Science: How Professor
Gender Perpetuates the Gender Gap. Quarterly Journal of EconomTable A5. Regressing on Math Major Content (ASVAB scores specification) ics 125(3), 1101-44. www.jstor.org/stable/27867507?pq-origsite=summon&seq=1#metadata_info_tab_contents
Dinella, L. M., & al, E. (2014). Sex-Typed Personality Traits and
Gender Identity as Predictors of Young Adults’ Career Interests. Archives of Sexual Behavior 43, 493-504. doi:10.1007/s10508-0130234-6
Heckman, J. J. (2000). Policies to Foster Human Capital. Research
in Economics, 54(1), 3-56. doi:10.1006/reec.1999.0225
Hlavac, M. (2018). Oaxaca: Blinder-Oaxaca Decomposition in
R. from https://cran.r-project.org/web/packages/oaxaca/vignettes/
oaxaca.pdf
Kitagawa, E. M. (1955). Components of a Difference Between Two
Rates. Journal of the American Statistical Association, 50(272),
1168-1194. doi:10.1080/01621459.1955.10501299

Table A6. Regressing Sci/Engineering and Engineering Credits on ASVAB
Scores (only males vs. only female sample). Note: Signif. codes: 0 ‘***’
0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 1. Data are from the NLSY79 and NLSY97
combined sample of respondents who have at least 16 years of education,
who took the ASVAB before age 19, and who have valid ASVAB scores.
The cells report the coefficients of all variables included in the regression:
race, gender, survey, and all ASVAB test scores. The two main columns are
the dependent variables (major categories) as measured by probability of a
student majoring in said category. The sample size is 2406.
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